Drought is a globally relevant hazard, and while various studies have investigated the relationship between droughts and different climate and ecosystem variables, they are often not global or they do not make use of direct soil moisture observations. Here we use satellite derived soil moisture observations from the Climate Change Initiative of the European Space Agency to quantify the relation between soil moisture drought and temperature, precipitation, evapotranspiration and vegetation during the peak of the growing season. Furthermore, we follow the temporal evolution of the buildup and recovery surrounding the drought peak. We find that in many regions longer-term precipitation deficits are the driving factors of large negative soil moisture anomalies. At the peak of the dry period large anomalies are found for precipitation, evapotranspiration, and temperature, while vegetation indices often show a delayed response. This delay is likely related to the limited information contained in the remotely sensed soil moisture signal on the deeper root zone, thus underestimating the available soil moisture for plants. Anomalies over grasslands are generally larger than over forests, likely linked to the ability of trees to better access water at deeper depths, and to save water during dry conditions. These results illustrate the relevance of remote-sensing based soil moisture as a new independent observation for studying land-vegetation-atmosphere dynamics at the global scale.
Introduction
Drought is a globally relevant hazard which can lead to severe economical, agricultural and societal damages. A key feature of droughts is extremely low soil moisture availability, either due to reduced precipitation and/or increased evapotranspiration (Seneviratne et al., 2012b ). An essential prerequisite for efficient drought mitigation and management is a detailed and quantitative assessment of both the processes leading to episodes of severely limited water availability together with the respective impacts on both ecosystems and societies. For this purpose, drought has historically been classified into four categories including meteorological drought, hydrological drought, agricultural drought and socio-economic drought (Mishra and Singh, 2010) . While meteorological is usually defined through periods of anomalously low precipitation (McKee et al., 1993) and hence solely dependent on atmospheric processes, hydrological (surface water), agricultural (soil-moisture) and socio-economic (water supply systems) droughts * Corresponding author. E-mail address: nadine.nicolai@env.ethz.ch (N. Nicolai-Shaw). are directly influenced by land-processes and often also subject to human management . In this study, we focus on emerging opportunities for quantitatively assessing the impacts of agricultural drought using remotely sensed soil moisture (Liu et al., 2011 (Liu et al., , 2012 Wagner et al., 2012; Dorigo et al., 2015) at the global scale. Soil moisture drought is highly relevant for agriculture (McWilliam, 1986) , plant health (Zscheischler et al., , 2014 , the intensification of heat extremes (Fischer et al., 2007b,c; Hirschi et al., 2011; Mueller and Seneviratne, 2012; Miralles et al., 2014; Whan et al., 2015) and, more generally, land-atmosphere feedbacks and temperature variability (Seneviratne et al., , 2006a . Changes in soil moisture regimes also affect modifications of climate variability in a changing climate (Seneviratne et al., 2006b Lorenz et al., 2016) , originating from the direct influence of soil moisture on the water and energy cycles through land-atmosphere interactions (see e.g. Seneviratne et al., 2010 , for a review).
Obtaining good soil moisture observations is, however, often a challenge , and in practice many studies rely on soil moisture proxies to study the relationship between soil moisture drought and other variables. Process-based models of varying complexity usually try to incorporate the different effects of precipitation, temperature, evapotranspiration, land cover, and soil type on soil moisture variability (Balsamo et al., 2009; Miralles et al., 2011; Orth and Seneviratne, 2015; Davis et al., 2017) . Such models are widely used as observation-based proxies for soil moisture, to study soil moisture interactions with climate (Fischer et al., 2007c; Van den Hurk et al., 2010; Dirmeyer, 2011; Miralles et al., 2014) and vegetation (Reichstein et al., 2007 Zscheischler et al., 2013 Zscheischler et al., , 2015 . Alternatively, there is a suite of commonly used indicators for soil moisture drought. For instance, the Standardized Precipitation Index (SPI, McKee et al., 1993) has been used extensively to study interactions between drought, climate, and vegetation (Hirschi et al., 2011; Mueller and Seneviratne, 2012; Zscheischler et al., 2014; Gudmundsson et al., 2014; Whan et al., 2015) . However, the SPI is purely based on precipitation and thus strictly speaking an indicator for meteorological drought. The soil moisture product from the European Space Agency's Climate Change Initiative (CCI-SM) (Liu et al., 2011 (Liu et al., , 2012 Wagner et al., 2012; Dorigo et al., 2015) offers a unique opportunity to study soil moisture drought and its implications at the global scale for a time period of more than two decades. The relevance of satellite-based soil moisture observations is underlined by a number of publications, highlighting recent advances in technology and validation of satellite-based soil moisture retrievals and their relevance for understanding Earth system processes de Jeu and Dorigo, 2016) . Studies using the CCI-SM dataset have focused on specific regions and specialized research questions (Bauer-Marschallinger et al., 2013; Chen et al., 2016; Fang et al., 2016; Qiu et al., 2016; Nicolai-Shaw et al., 2016; Shrivastava et al., 2017) . In addition, the data set has also been used to evaluate Earth System Models (Lauer et al., 2017) . The CCI-SM dataset is continuously improved and validated and the number of studies using this dataset is rapidly increasing .
Here we make use of the global extent of the CCI-SM dataset, and provide the first global-scale assessment of satellite-based soil moisture drought and its covariability with other climatic variables and vegetation indices. Our study focuses on soil moisture droughts during the peak of the growing season and illustrates the sensitivity of variables such as maximum temperature, precipitation, evapotranspiration, and three vegetation indices to extremely low levels of soil moisture. We further discuss the impact of the dominant vegetation classes on this sensitivity with a particular focus on the differences between forests and grasslands. Finally we compare remotely sensed soil moisture drought with modeled soil moisture by a land surface model and with the SPI.
Data sets and data preprocessing

Data sets
Below we describe the data sets used for the analysis, see Table 1 for a quick overview of the original properties.
Soil moisture
We use the remote-sensing based soil moisture data set developed in the framework of the European Space Agency Climate Change Initiative program on the global monitoring of Essential Climate Variables (CCI-SM). It has a 0.25 • spatial and a daily temporal resolution, and is given in units of m 3 /m 3 (Liu et al., 2011 (Liu et al., , 2012 Wagner et al., 2012; Dorigo et al., 2015) . Over time the number of available satellites has increased, which in turn increased data availability and data quality (Dorigo et al., 2015 (Dorigo et al., , 2010 . Here we use the merged data set (v03.2), derived from the collocated C-band scatterometer data set and the collocated multi-frequency radiometer data set. The analysis is based on the period 1992 to 2014, as 1992 is the first full year that includes scatterometer data. CCI-SM represents the upper few millimeters to centimeters of the soil (Kuria et al., 2007) , to determine the influence of soil depth on drought anomalies ERA-Interim/Land soil moisture (ERA-SM) is used (Dee et al., 2011; Balsamo et al., 2015 Balsamo et al., , 2012 . ERA-SM has a daily temporal resolution and covers the period 1979 to 2010. The true spatial resolution is approximately 80 km, but here the 0.25 • regridded product is used as it corresponds to the CCI-SM resolution. The top three layers of ERA-SM represent 0-7 cm, 7-28 cm, and 28-100 cm, and will be referred to as ERA-SM 0−7 , ERA-SM 7−28 , and ERA-SM 28−100 respectively.
Evapotranspiration
The Global Land Evaporation Amsterdam Model (GLEAM) consists of a set of algorithms which estimate the different components of land evaporation (Miralles et al., 2011; Martens et al., 2016) . Here we use GLEAM_v3.0a, which spans the period 1980 to 2014 at a 0.25 • spatial and a daily temporal resolution. For the analysis we use actual evapotranspiration (ET, mm/day), which is defined as the sum of transpiration, bare-soil evaporation, open-water evaporation, interception loss and snow sublimation.
Maximum temperature and precipitation
Temperature and precipitation data are taken from the ERAInterim global atmospheric reanalysis produced by the European Centre for Medium-Range Weather Forecasts (ECMWF, Dee et al., 2011) . We use the interpolated 0.25 • data set, the original resolution is approximately 80 km. Daily total precipitation in millimeters of water is produced by the forecasting model, and is defined as the sum of snowfall and rain (ERA-P). We further use the 6 hourly 2 m air temperature product from the analysis to define the maximum daily temperature (ERA-Tx).
Vegetation activity
As a proxy for vegetation activity, we use the Global Inventory Modeling and Mapping Studies (GIMMS) Normalized Difference Vegetation Index (NDVI) generated from NOAA's Advanced Very High Resolution Radiometer (AVHRR) data (Pinzon and Tucker, 2014) . The data set is assembled from different AVHRR sensors, and the latest version spans the period July 1981 to December 2015 (3g.v1). The spatial resolution is 1/12 • , and data is available twice monthly. In addition we use level-4 MODIS global Leaf Area Index (LAI) and the Fraction of Absorbed Photosynthetically Active Radiation (FPAR) as proxies for vegetation activity (MOD15A2). These data sets are available every 8 days at a 1-km resolution on a sinusoidal grid, and span the time period February 2000 to the present (Knyazikhin et al., 1999) .
Land cover
We use the third epoch (2008) (2009) (2010) (2011) (2012) 
Data selection and preparation
To match the temporal resolution of NDVI, the CCI-SM, ERA-SM, GLEAM-ET, ERA-Tx, ERA-P, LAI and FPAR data is aggregated to twice monthly data, with days 1-15 belonging to the first half of the month and days >15 to the second half of the month. This has the added benefit of reducing data gaps, which could considerably influence the results, especially when extreme events are in-or excluded (Loew, 2013) . The CCI-Landcover data set is aggregated to twelve land cover classes including crops (rainfed), crops (irrigated), forest, shrubland, grassland, sparse vegetation, urban, mixed, water, snow/ice, bare soil and other (Fig. 1a , see Table S1 for an overview of the land cover classes). Data sets are regridded to the CCI-SM grid using bilinear interpolation for NDVI, LAI and FPAR or prevalent class for the CCI Landcover classes. In addition, ERA-P is used to calculate a 3-month SPI (McKee et al., 1993) using the SCI package in R (Stagge et al., 2015; Gudmundsson and Stagge, 2016; Stagge et al., 2016) . The 3-month SPI is calculated for each half-month period and location based on half-monthly precipitation data. A 3-month moving average filter is applied to transform precipitation time series to the 3-month time scale. Each half-month time series is then fitted to a gamma distribution to obtain a probability density function of precipitation across years. The fitted distribution is then used to transform the data to a standard normal distribution (McKee et al., 1993) . Positive and negative values signify higher and lower than average precipitation, respectively.
A common mask of data availability is applied to all data sets to ensure consistent spatial and temporal data coverage. Using twice monthly data, and considering only the three month period surrounding the peak of the growing season (see Section 3) there is a maximum of 6 data points available per year. 23 years gives a maximum of 138 data points per grid cell, however, data coverage differs and only those grid cells for which at least 69 data points are available (> 50%) are considered for the analysis. In addition we mask those grid cells that are defined as bare soil by the CCI landcover classification, ensuring that the effect of soil background variation on NDVI values in regions with no vegetation can be excluded (Huete and Tucker, 1991) . Fig. 1b gives an overview of the available CCI-SM data. LAI, FPAR and ERA-SM, are evaluated only for their overlapping periods, as their temporal coverage differs.
Methods
This global assessment focuses on periods of extremely dry soil moisture conditions during the peak of the growing season (as defined by NDVI). We analyze the covariation of maximum temperature, precipitation, evapotranspiration and vegetation anomalies during soil moisture droughts using event compositing. Compositing, or superposed epoch analysis, has been widely used in various studies to determine the response of a variable to particular events (Adams et al., 2003; Fischer et al., 2007a; Lesk et al., 2016) . The drought composite anomalies are computed using the following steps ( Fig. 2): 1. Define the peak of the growing season. For each grid cell the mean seasonal cycle for NDVI is calculated using the period 1992 to 2014. From the mean seasonal cycle the month with the highest vegetation activity and the surrounding two months are identified as peak of the growing season (Fig. 3a) .
In the case of a double growing season (e.g. in Northern India) the higher peak is chosen. The time steps of this season are denoted as I in the following. 2. Determine the periods of extremely dry soil moisture. From the time steps corresponding to the peak growing season (I), time steps with soil moisture below the 10th percentile (p 10 , see Fig. 3b ) are denoted by I 10 , while the remaining (not extremely dry) time steps are denoted by I n .
The percentage of time steps falling into I 10 per year is presented in Fig. S1 . The sensitivity to the chosen percentile threshold is tested by repeating the analysis for p 5 and p 15 . 3. Drought composite anomalies. We compute anomalies for each variable by subtracting the mean seasonal cycle. Subsequently the drought composite anomaly (DCA) is calculated as the difference in means between I 10 and I n :
where X denotes the anomaly vector. DCAs are calculated for the peak of the drought as well as during the onset (the preceding 4 months) and recovery (the subsequent 4 months) by shifting the time step vector I by half month periods (i.e., I + k t with t = −4, −3.5, . . . , 3.5, 4 months).
Regional summaries.
To compare the temporal evolution of the DCAs of soil moisture, temperature, precipitation, ET, and vegetation, we calculate regional summaries for each time step. We then determine the influence of land cover class by Fig. 2 . For each grid cell of the NDVI vegetation activity data set, the mean seasonal cycle is defined and the peak of the growing season is determined (Step 1). The growing season is then classified into non-extreme periods (blue, In) and 10th percentile driest periods (red, I 10 ), based on CCI-SM (Step 2). Finally, the anomaly at the time of the drought is calculated for each response variable (Step 3). Shown here the drought composite anomalies for GLEAM-ET.
further subdivided per land cover class. Lastly, we compare the temporal evolution of the DCAs of CCI-SM with the DCAs of the three soil moisture levels from ERA-SM and the 3-month SPI as derived from ERA-P.
Results
Drought composite anomalies
All investigated variables, temperature, precipitation, ET, and vegetation (NDVI, FPAR, LAI), strongly co-vary with soil moisture drought during the peak of the growing season (Fig. 4) . By construction soil moisture shows strong negative DCA values down to −0.06 m 3 /m 3 at the height of the drought (k 0 ). The concurrent DCA for ET is the strongest over Central North America, North-East Brazil, South Africa and parts of Australia, but many other regions also show a signal, e.g. over India and in South East Asia. Positive temperature DCAs are found in the same regions as for ET, with also a very strong signal north of the Caspian Sea. Strong negative precipitation DCAs are found for eastern South America, South Africa and East Asia. The DCA patterns for the vegetation indices are alike, and similar to that of ET. A positive ET and vegetation DCA is found over Eastern China, coinciding with an area for which the soil moisture quantile value is comparably high (Fig. 3) . Northern and Central Europe, Central America and the Eastern United States, show small positive ET and NDVI DCAs, while the DCAs for FPAR and LAI are much stronger. In these areas, the soil moisture deficit is not sufficient to limit ET nor vegetation activity. Instead, anomalies in these regions are radiation driven. Note that the availability of CCI-SM limits the assessment in some regions such as the Amazon basin, the Kongo and Indonesia (Fig. 1b) .
The negative soil moisture DCAs two weeks prior to the dry peak indicate that the dry down has already begun, and the spatial pattern, though with reduced magnitudes, coincides with that at the height of the drought. (Seneviratne et al., 2012b) and include West and Central North America (WCNA: SREX 3&4), North Eastern Brazil (NEB: 8), Southern Africa (SA: 17), East Asia (EA: 22), and Australia (AUS: 25&26). WCNA, NEB, SA and AUS were chosen as they all showed strong signals in the drought composites, while EA was chosen because it showed a contrary response (Fig. 4) .
Regional summaries
By construction, the median soil moisture anomaly is below zero during the whole period under consideration in all regions. The anomaly is centered around k 0 , with a decreasing extent of the area showing a consistent signal further away from the drought peak (i.e., filled circles are surrounded by empty circles and then no circles). The temperature anomaly peaks at k 0 , and ranges between 1 and 1.5
• (black lines). For SA and AUS the temperature anomaly persists from k −2 to k 2 , for NEB it is prevalent prior to the drought peak, while for WCNA and EA it is more focused around k 0 . Negative precipitation anomalies build up over time and peak at k 0 . For WCNA, NEB, SA, and AUS this buildup starts already at k − 2 . For all five regions a return to normal precipitation conditions follow directly after the drought peak. For NEB (and to a lesser degree EA), negative ET anomalies peak at k 0.5 , for the other regions the ET peak coincided with the height of the drought. ET anomalies are in the order of 0.25 to 0.5 mm/day on average at the height of the dry peak and slowly diminish over the following months. Vegetation anomalies show a delayed response to soil moisture drought, and peak at k 0.5 for all regions. All three vegetation indices show a similar temporal evolution.
To evaluate the sensitivity to the selected soil moisture threshold, we set the soil moisture threshold for dry soil moisture conditions to the 5th and 15th percentile (Step 2 in methods). This sensitivity analysis shows that the obtained results are robust, see Figs. S4 and S5.
The influence of land cover
The colored dashed lines in Fig. 5 show the median anomaly for those land cover types that cover at least 15% of the region, so e.g. for WCNA results are summarized for forest, shrubs, and grassland. For all five regions the soil moisture and precipitation anomalies are similar between land cover types (Fig. 5 ). An exception are shrubs in AUS where both the soil moisture and the precipitation anomalies are a bit larger than for the other land cover types. For WCNA, SA and EA we can compare anomalies between grassland and forest. Though the precipitation anomaly is similar over both land cover types, the temperature, ET and vegetation anomaly is much stronger over grasslands than over forests. Moreover, the vegetation indices show a delayed response over forests for at least 50% of forest grid cells. For EA vegetation shows a distinct positive anomaly over forested areas (most pronounced for the MODIS-based vegetation indices FPAR and LAI). A similar positive response over forest is also observed in North (NEU) and Central (CEU) Europe, South Asia (SAS), Central America (CAM), Western South America (WSA), and South East Asia (SEA), see Figs. S2 and S3. This positive response over forests is not observed in ET.
The influence of soil depth and comparison with SPI
CCI-SM represents the top few millimeters to centimeters of soil. We compare the temporal evolution of other soil layers during soil moisture drought identified by CCI-SM using different layers of ERA-SM (Fig. 6, left) . CCI-SM shows the largest anomaly but its temporal evolution is generally in line with ERA-SM 0−7 . A clear reduction in the soil moisture anomaly can be seen with increasing soil depth. The top layer of ERA-SM, ERA-SM 0−7 , shows the quickest dry down preceding, but also the quickest recovery after the drought peak. In contrast, the deepest soil layer, ERA-SM 28−100 , shows a much smoother transition compared to the other layers, with the largest anomaly at k 0.5 , but no distinct peak. With increasing soil depth the anomalies in soil moisture are generally dampened.
The peak of the negative SPI anomaly coincides with the drought peak of CCI-SM (Fig. 6, right) . However, SPI shows much stronger anomalies also 1-2 months after the height of the drought, which is consistent with the 3-month SPI time-scale considered. This temporal structure compares best with the deepest soil layer ERA-SM 28−100 .
Discussion and conclusion
In this study, we show the co-variability of the analyzed climate and ecosystem variables using various unrelated data sets. Overall, our results show that in most locations soil moisture is below normal during all 8 months surrounding the drought peak. This observation is consistent with recent results that demonstrated the strong persistence of remotely sensed soil moisture over several months (Nicolai-Shaw et al., 2016) . Temperature, precipitation, ET and vegetation activity co-vary with remotely sensed soil moisture drought along the expected patterns. We observe negative precipitation anomalies preceding the soil moisture drought over most regions, with returns back to normal or even above normal conditions directly following the drought peak. This indicates that for most regions a water deficit is strongly linked to the soil moisture decline, while the return to normal precipitation amounts initiate the return to normal soil moisture conditions. Temperature shows a distinct positive anomaly at the drought peak. This may be related to the synoptic-scale correspondence between cloud cover, precipitation and incoming shortwave radiation (Berg et al., 2015) , as well as to soil moisture-temperature interactions (drier soils leading to stronger temperature extremes due to reduced evaporative cooling, Fischer et al., 2007b; Seneviratne et al., 2010; Whan et al., 2015) .
Some regions display a positive ET anomaly prior to the drought event which may intensify the drought (Seneviratne et al., 2012a; Teuling et al., 2013) . This is for instance the case in the Eastern United states, East Asia and Northern China (Fig. 4) . More often though, ET anomalies are negative both before and after the drought, illustrating that a switch to a soil moisture limited climate regimes is regularly occurring under drought conditions (e.g., Zscheischler et al., 2015) . Note, however, that the GLEAM-ET product is not fully independent of the CCI-SM data set, as it assimilates surface soil moisture from CCI-SM and precipitation for estimating root-zone soil moisture (Martens et al., 2016) . Though a more recent CCI-SM version was used here, some similarities in signal between the CCI-SM and GLEAM-ET data sets could stem from this assimilation procedure.
In many regions the peak in the response of vegetation activity is delayed with respect to the peak in ET response (Fig. 5) . This may (AUS, 25 & 26) , for CCI-SM, ERA-Tx, and ERA-P, GLEAM-ET, NDVI, FPAR, and LAI (top to bottom). Shown is the spatial distribution of land cover, the regional median anomaly (solid black) as well as the median per land cover type (colored dashed lines) from k −4 to k 4 . Filled (empty) circles indicate those lags for which at least 75% (90%) of the grid cells exhibit anomalies in the same direction. All other SREX-based regions are summarized in Figs. S2 and S3. indicate that the ET response might be influenced by the reduction in bare soil evaporation which dries out quicker (Hillel, 2003) . This is supported by the stronger ET response over sparse vegetation in Australia compared to other land cover types (Fig. 5 right column) .
This mismatch in response peaks could also indicate a limitation of the ET estimates of GLEAM-ET, which might neglect (or underestimate) water availability at deeper soil layers for plants. This might explain why forests in SA and EA show a positive vegetation anomaly prior to the drought peak whereas ET shows little deviation from normal. Strong positive vegetation anomalies over forests in response to dry and hot conditions have also been identified by Zscheischler et al. (2015) . In energy-limited regions, warmer-than-average conditions can lead to higher photosynthetic activity. The ESA-CCI datasets only detect dryness in the upper layer of the soil column (usually associate with warmer-than-average conditions, Figs. 4 and 5), whereas trees can access water from deeper layers if abovenormal amounts of energy are available. Zscheischler et al. (2015) observed that hot conditions with elevated photosynthetic activity occur frequently, in particular in energy-limited regions. Prior to and during climate extremes (droughts and heatwaves), photosynthetic activity is generally higher than normal in those regions, responding to the excessive radiation until soils are dried out, which then forces plants to shut down photosynthesis if the climate extreme lasts long enough .
Forests exhibit a much weaker response to soil moisture drought than all other land cover types, in particular compared to grasslands. This is likely related to the fact that forests have access to water in deeper layers and are not so much affected by soil moisture drought in shallow layers as identified by the remotely sensed CCI-SM. This is supported by the observation that soil moisture anomalies in deeper layers in ERA-SM are strongly dampened and slightly delayed in comparison to the upper layer. In contrast, grasslands show a very strong response to soil moisture drought in all regions, indicating the relevance of water availability in shallow layers for grasslands.
The good agreement between CCI-SM and the top SM layer of ERA-Interim/Land (ERA-SM 0−7 ) suggests that remotely sensed SM may be used to evaluate SM proxies, in particular with respect to drought development and recovery. In this study, the signal has been averaged over large regions and different time periods. For a more rigorous comparison and evaluation, single time series of SM should be compared with each other.
Remotely sensed SM does not come without uncertainties. Largest uncertainties are in the early period of the CCI-SM product. We start our analysis in 1992, and from this point on there should be enough overlap between sensors to reduce inconsistency between time periods (Liu et al., 2012) . Our analysis is based on the same season in each location, hence seasonal changes in uncertainty should not affect our conclusions (Jackson et al., 2010) . We have averaged daily soil moisture over 15-day periods, thus reducing uncertainties that occur at high temporal resolution. Our results demonstrate that negative anomalies in CCI-SM are associated with anomalies in many other independent variables, giving credibility to the used remotely sensed SM observations.
In conclusion, our study illustrates how temperature, precipitation, ET and vegetation co-vary with soil moisture drought during the peak of the growing season. Remotely sensed soil moisture offers new independent soil moisture observations, that allow for unprecedented drought-monitoring capabilities, as well as for the development of drought management and mitigation strategies. In summary, remotely sensed soil moisture has the potential to complement or even replace commonly used soil moisture proxies for studying land-vegetation-atmosphere dynamics at the global scale.
